In this section, we develop a description of gene expression regulation by two mechanisms: global 10 regulation by the expression machinery and specific regulation by metabolite-binding transcription 11 factors. The model accounts for the contributions of the expression machinery and of transcription 12 factors representing global and specific regulation, respectively (eq. 1 in the main text): 13
Here, pa ij denotes the activity of promoter i in condition j, E denotes the activity of the expression 14 machinery (in condition j) and TF denotes the activity of each specific transcription factor l (in 15 condition j). The two parameters K and α associated to each activity represent biochemical affinities 16 and cooperative or saturating mechanisms (approximated by power law terms for mathematical 17 convenience, see below), respectively. In this representation, transcription factors can act as 18 activators (α li > 0) or inhibitors (α li < 0). The activity of each transcription factor l can in turn be 19 described as follows (eq. S1): 20
where TF conc lj denotes the transcription factor concentration (in condition j), M denotes the 21 concentration of each metabolite acting as a regulator of transcription factor activity with its 22 transcription factor specific parameters K lk and β lk . Metabolites can activate (β lk > 0) or inhibit (β lk > 0) 23 transcription factor activity. 24
The relationship between promoter activity and global/specific regulation described in equations 1 25 and S1 can be simplified by first transforming them into log space, second by approximating each 26 term expressed as log(1+x) with log(x), and third by normalizing e.g. for a reference condition to 27 eliminate unknown kinetic parameters (∆ log ! = log ! − log ( !"# ) )(eq. S2): 28
We can further simplify equation S2 by assuming that transcription factor expression does not 29 change significantly across conditions, as has been shown for E. coli (Ishihama et al, 2014 ; Gerosa et 30 al, 2015) (eq. S3): 31
Thus, in this linearized approximation promoter activity can be decomposed into linear contributions 32 from the expression machinery activity (= global regulation) and the concentration of the metabolites 33 which regulate the activity of the respective transcription factors (= specific regulation To address these issues, we performed simulations assuming single-input promoters (= specific 51 regulation is determined by the concentration of a single metabolite) and using the same number of 52 data points per promoter (n=23 conditions for which we quantified metabolite concentrations and 53 promoter activities) as in our experimental data (see simulation steps at the end of the section). 54
In particular, we focused on two aspects: first, when is it necessary to remove the confounding effect 55 of global regulation to ensure the recovery of potential regulatory metabolites? To address this 56 question, we grouped the simulated promoter activities based on the relative contribution of the 57 expression machinery (determined as the Pearson correlation coefficient between log transformed 58 promoter activity and expression machinery activity, small contribution: R < 0.25, moderate 59 contribution: 0.25 < R < 0.75, large contribution: R > 0.75) and calculated the distribution of 60 correlation coefficients between log transformed metabolite and log transformed promoter activity 61 with or without removing the expression machinery contribution. An interaction is considered to be 62 recovered if the respective correlation coefficient exceeds the threshold (below -0.75, or above 63 0.75). As expected, for promoters that are predominantly affected by global regulation, the recovery 64 of promoter-metabolite interactions is poor (simulation figure A, right panel). Conversely, for 65 promoters whose activity is dominated by specific regulation, correcting for expression machinery 66 effects has little impact on the recovery of regulatory metabolites (simulation figure A, left panel). 67
These results are consistent with the experimental findings discussed in the main text ( figure 4D ) and 68 confirm that removing the contribution of global regulation is pivotal especially for promoters whose 69 activity is modulated, but not dominated, by specific regulation. 70 Second, we wanted to assess the impact of confounding cross-correlating metabolites on our ability 71 to identify true regulatory metabolites. Towards this end, we simulated additional metabolites with 72 25%, 50%, 75%, 95% similarity to the original simulated metabolite concentration (using Pearson 73 correlation as a similarity metric), which serve as false positives, and determined false discovery and 74 true positive rates (simulation figure B). As illustrated by the resulting ROC curves, confounding 75 metabolites that correlate poorly with the original metabolite (25% or 50% similarity) have a 76 negligible effect on false discovery rates. Even when considering confounding metabolites with 77 higher similarity (75%), the false discovery rate is below 10% when imposing a true positive rate of 78 75% (meaning that 75% of the true promoter-metabolite interactions present in the data set will be 79 recovered). In the simulations, this true positive rate corresponds to a correlation threshold of 0. were considered. A) Promoter activity during exponential growth (condition: M9 glucose) was 179 determined in five independent experiments. Median day-to-day variation is 15%. B) Coefficient of 180 variation (standard deviation divided by mean) in 9 conditions plotted against the mean promoter 181 activity (gray circles, based on 2 to 5 replicates). Red circles: median coefficient of variation for 24 182 evenly spaced bins (in log scale). Red line: polynomial fit of median coefficients of variation, which 183 allows to estimate the coefficient of variation also for promoters without replicate measurements 184 (Keren et al, 2013) . 185 promoters in 6 non-carbon source perturbations. Promoter activities were predicted from the 235 steady state growth rate using the relationship between the first singular vector and growth rate 236 depicted in main figure 2B. Filled circles denote promoters whose measured activity deviates more 237 than 2-fold from the prediction (see dashed lines). Microaerobic cultivation was mimicked by 238 incubating the 96-well plate without shaking (barring brief and mild orbital shaking every 6 minutes 239 immediately before OD and GFP measurements to prevent bacterial sedimentation). Note that the 240 two promoters whose activity deviates the most from the growth-dependent prediction upon 241 treatment with the oxidative stress inducing agent paraquat are zwf and pgi, both of which are 242 activated by the oxidative stress regulator SoxS (Salgado et al, 2013) . its reconstruction based on one metabolite (as described in figure 3A ) for all promoter-metabolite 272 pairs. Pairs with correlation coefficients above 0.75 or below -0.75 are shown with thick white edges, 273 all of which were highly significant even after adjusting p-values for multiple hypothesis testing (q-274 value < 0.001, correction for multiple hypothesis testing as described by (Storey, 2002) ). 275
Corresponding data: EV table 7. B) Heatmap of Pearson correlation coefficients between log 276 normalized promoter activity (consisting of global and specific transcriptional regulation) and its 277 reconstruction based on one metabolite (as described in figure 3A ) for all promoter-metabolite pairs. quantified regulatory network. The activity of each promoter was reconstructed from its global and 303 specific regulation components based on the network depicted in figure 4A , and then reverted to 304 linear scale. Only conditions with available metabolite and promoter activity data were considered. 305
To aid readability, measured and predicted promoter activities were further normalized to the 306 maximal measured promoter activity of each promoter. 
